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Abstract
Spectral analysis of heart rate variability (HRV) has
provided a very successful characterization of the auto-
nomic influence on the heart. However, the definition of
simple subdivisions in frequency ranges does not fully re-
flect separate influences of the sympathetic and parasym-
pathetic peripheral outflow because of their simultaneous
action in the LF band (0.04-0.15Hz). To overcome this
limitation, we recently proposed a methodological frame-
work defining the Sympathetic Activity Index (SAI) and
the Parasympathetic Activity Index (PAI), which have been
proven effective in characterizing healthy cardiac dynam-
ics. In this study, we aim to evaluate SAI and PAI perfor-
mances in Congestive Heart Failure (CHF). We estimate
normalized SAI and PAI indices on HRV series from Phys-
ionet recordings, i.e., 14 CHF patients and 16 healthy con-
trols (CNT). Results show a characteristic increase of the
sympathetic dynamics in CHF with respect to CNT despite
the significant reduction of HRV spectral power associated
with CHF. Results also highlight a significantly reduced
vagal activity in CHF with respect to CNT. This study
demonstrates the reliability of the proposed measures for
a non-invasive autonomic assessment in CHF without the
need of model calibration at the individual level.
1. Introduction
Throughout the last decades, Heart rate variability
(HRV) analysis has led to a quite successful non-invasive
quantification of the Autonomic Nervous System (ANS)
influence on heartbeat dynamics, particularly referring to
frequency-domain analysis [1, 2].
The HRV spectrum has been divided into three main
spectral bands: Very Low Frequency (VLF), Low Fre-
quency (LF) and High Frequency (HF) bands [1, 2]. His-
torically, LF (centred in 0.1Hz) and HF (greater than 0.15
Hz) oscillations have been associated with sympathetic
and parasympathetic (vagal) activity, respectively. Indeed,
a vagal activation strongly affects the HF power exclu-
sively, being mainly driven by the respiratory frequency
(so-called Respiratory Sinus Arrhythmia [1, 2]). On the
other hand, although changes in sympathetic activity often
cause significant alterations in the magnitude of LF oscil-
lations, it has been demonstrated how changes within this
band are mediated by both cardiac vagal and sympathetic
nerves, as well as arterial blood pressure [1–4].
To devise effective, non-invasive measures of sympa-
thetic autonomic outflow, HRV-based methods that need
a preliminary calibration phase at a single-subject level
[5], as well as multivariate analyses from multiple phys-
iological recordings (e.g., ECG and blood pressure or QT
variability) [6, 7], have been proposed. Recently, we de-
vised two novel HRV-based indices, namely the Sympa-
thetic Activity Index (SAI) and the Parasympathetic Ac-
tivity Index (PAI), which are able to effectively identify
the time-varying cardiac sympathetic and parasympathetic
activity without the need for a preliminary calibration at
the level of the individual [8]. Such indices rely on the or-
thonormal Laguerre expansion of heartbeat dynamics [9]
along with a set of disentangling coefficients estimated
from a previous autonomic blockade study [8], and have
been tested yet in data from healthy subjects through well-
known autonomic manoeuvres [8]. Note that SAI and
PAI mathematical definitions are embedded into an autore-
gressive model of heartbeat dynamics, thus allowing for
their estimation from different identification methods, e.g.
least square and maximum likelihood, Kalman prediction,
point-process [8, 9].
In this study, we test SAI and PAI performance in dis-
cerning sympathetic and parasympathetic autonomic out-
flow between cardiovascular variability recordings from
healthy subjects and congestive heart failure (CHF) pa-
tients, during unstructured activity. To this end, original
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SAI and PAI calculation is here honed to account for inter-
group variability. Methodological details, and Experimen-
tal Results and Conclusions follow below.
2. Derivation of the Sympathetic and
Parasympathetic Activity Indices
The SAI and PAI measures rely on the Laguerre expan-
sion of autoregressive terms predicting heartbeat events.
The main rationale is to extend standard HRV analysis
in the frequency-domain using information embedded into
the HRV phase spectrum. In fact, as orthonormal Laguerre
functions at different orders have all the same magnitude
and different phase spectra [9], a proper combination of
Laguerre bases may selectively reflect the actual sympa-
thetic or parasympathetic system response [8].
Formally, given a set of K heartbeat events {uk}Kk=1
(in our study, R-waves from the ECG), let RRk = uk −
uk−1 > 0 denote the kth RR interval, or equivalently, the
waiting time until the next R-wave event.
The jth-order discrete-time orthonormal Laguerre func-
tion is defined as follows:
φj(n) = α
n−j
2 (1− α) 12
j∑
i=0
(−1)i
(
n
i
)(
j
i
)
αj−i(1− α)i
with n ≥ 0 and α the constant of decay. First, the RR
interval series is convolved with such functions:
`j(k) =
k−1∑
n=0
φj(n, α)RR(k − n− 1) (1)
Then, the following autoregressive model, including a
theoretical separation between sympathetic and parasym-
pathetic dynamics, is identified:
µRR(k,Hk, ξ(k)) = g0(k) +
PSymp∑
j=0
g1,j(k) lj(k)︸ ︷︷ ︸
Sympathetic
+
PParSymp∑
j=PSymp+1
g1,j(k) lj(k)︸ ︷︷ ︸
Parasympathetic
(2)
where
ξ(k) = [g0(k), g1,0(k), . . . , g1,J(k)]
> (3)
The unknown time-varying Laguerre coefficients can be
modelled according to a linear dynamic system, which is
observed through the series of RR intervals:
ξ(k) = ξ(k − 1) + εξ(k) (4)
RR(k) = `(k)>ξ(k) + εRR(k) (5)
where εξ(k) is the state noise with covariance matrix Sξ
and εRR(k) is the observation noise with variance SRR.
In this model, (5) replaces (2) while (4) describes how the
Laguerre coefficients evolve in time. These coefficients
can be readily estimated using a Kalman filter with a time-
varying observation matrix. Note also that the orthonor-
mal Laguerre functions `(k) can be rewritten recursively
in matrix form as follows:
`(k) = L `(k− 1) +√1− α [1, α 12 , . . . , α J2 ]>RR(k− 1)
(6)
where
`(k) = [`0(k), . . . , `J(k)]
> (7)
and L is a lower triangular Toeplitz matrix with Li,i =
√
α
on the main diagonal and Li,i′ = −(1 − α)(
√
α)i−i
′−1
below the main diagonal.
Finally, the definition of the SAI and PAI as a combina-
tion of disentangling Laguerre coefficients ΨS and ΨP is
as follows:
SAI(k, ξ(k)) =
[
ΨS0 +
N1∑
j=1
ΨSj g1,j−1(k)
]
/RR(k)2
PAI(k, ξ(k)) =
[
ΨP0 +
N2∑
j=1
ΨPj g1,j+1(k)
]
2RR(k)
In an attempt to match the frequency response of the La-
guerre filters with the dynamic response of the sympathetic
and the parasympathetic systems [1–3], we have chosen
N1 = 2 and N2 = 7 and α = 0.2.
The estimation of generalized values of sympathetic
ΨS and parasympathetic ΨP kernels was previously per-
formed through a multiple regression analysis on data
involving selective autonomic blockade during postural
changes (see [3, 8]). Note that these coefficients represent
the first working attempt to estimate ANS activity from
heartbeat dynamics exclusively, without the need of any
calibration procedure at a single subject level. Particularly,
results reported below were obtained using the following
realizations of ΨS and ΨP coefficients:
ΨS = {39.2343, 10.1963,−5.9242}
ΨP = {28.4875,−17.3627, 5.8798, 12.0628,
5.6408,−7.0664,−5.6779,−3.9474}
3. Experimental Setup and Results
We estimated SAI and PAI indices as described in
the previous paragraph from HRV series gathered from
the public source Physionet (http://www.physionet.org/)
[10], including ECG data from 14 CHF patients (from
BIDMC − CHF Database) and 16 healthy con-
trols (CNT, from MIT − BIH Normal Sinus Rhythm
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Figure 1. Box-plot statistics for SAI (left panel), PAI (center panel), and SAI/PAI ratio (right panel) between healthy
controls (CNT) and patients with CHF.
Database). Each series was free of algorithmic (e.g., au-
tomatic R-peak detection) and physiological (e.g., ectopic
beats) artifacts upon visual inspection and after check-
ing with our previously proposed method based on point-
process statistics [11]. Each series lasted about 50min
(small segments of the original over 20h recordings) and
were used in our previous methodological evaluations
(e.g., [9]).
Between-group comparison was performed through
Mann-Whitney non-parametric tests, with null hypothesis
of equal medians between populations.
Box-plot statistics of SAI, PAI, and SAI/PAI ratio are
shown in Figure 1. Experimental results are shown
in Table 1, which also includes time-, and frequency-
domain statistics calculated on the same dataset (see [9]
for details), expressed as Median ± MAD(X) where
MAD(X) = Median(|X − Median(X)|)) and X is the
variable of interest (e.g., SAI, PAI, LF, HF, etc.).
Time domain features showed all statistically signifi-
cant differences between groups. Particularly, CHF pa-
tients were associated with lower mean and standard de-
viation of the RR intervals, i.e., µRR and σRR, as well as
lower RMSSD, pNN50, and TINN than CNT. As expected,
all traditional frequency-domain parameters resulted sig-
nificantly lower in CHF patients than in CNT, including
the power of LF oscillations. Conversely, the SAI and
SAI/PAI ratio were significantly higher in CHF than in
CNT, whereas PAI was significantly lower in CHF.
4. Discussion and conclusions
This study demonstrates the reliability of the proposed
SAI and PAI metrics for non-invasive autonomic assess-
ment in healthy controls (CNT) and in congestive heart
failure (CHF) patients, without the need of a model cali-
bration at the level of the individual.
Despite their widespread use during the last two
decades, approaches based on frequency domain analy-
sis of HRV have been significantly challenged. Several
Table 1. Results from the Healthy vs. CHF statistical
comparison.
Model Healthy CHF p-value
µRR [ms] 859.38± 54.69 670.00± 66.00 < 0.03
σRR [ms] 24.7±7.0 8.31±2.2 < 0.001
RMSSD 0.0432±0.0145 0.0121±0.0036 < 0.001
pNN50 21.54±15.49 0.24±0.22 < 0.001
TINN 0.30±0.05 0.16±0.06 < 0.001
LF [ms2] 316.0±127.2 7.28±6.1 < 0.001
SAI [a.u.] 42.65± 7.47 60.25± 11.70 < 0.05
HF [ms2] 606.1±344.7 30.59±21.0 < 0.001
PAI [a.u.] 58.47± 8.03 43.04± 11.94 < 0.005
LF/HF 0.86±0.7 0.08± 0.1 < 0.05
SAI/PAI 0.72± 0.23 1.43± 0.51 < 0.05
p-values are from the Mann-Whitney non-parametric test.
pharmacological studies have in fact confirmed the intrin-
sic ambiguity of such a spectral approach, as HRV-related
changes below 0.15 Hz are mediated by both cardiac vagal
and sympathetic nerves [3, 4].
For this reason, instead of base functions defined in lim-
ited frequency ranges, a proper weighted sum and/or sub-
traction of primitives unselectively spanning the frequency
domain would be able to decompose the heartbeat vari-
ability due to ANS activity by disentangling the unique
contribution of each autonomic branch. Such primitives
can be defined from discrete-time orthonormal Laguerre
bases, which for a given α have equal magnitude and dif-
ferent phase spectra in the frequency domain [9]. More-
over, once a standard autoregressive model has been iden-
tified along the Laguerre bases (i.e., after convolving the
original RR interval series with the Laguerre bases), the
use of SAI and PAI measures does not need calibration at
a single subject level. Note that the disentangling coeffi-
cients used in this study, which might have limited gener-
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ality, are the first working attempt to estimate sympathetic
and parasympathetic dynamics from ECG.
From a signal processing viewpoint, the SAI-PAI cal-
culation proposed in this study is from a Kalman-based
framework, allowing for a beat-to-beat estimation of the
autonomic outflow. Note that the SAI-PAI methodol-
ogy is not dependent on the specific estimation procedure
adopted to identify the autoregressive model used to pre-
dict heartbeat dynamics.
It is known that CHF is associated with higher sympa-
thetic activity than CNT [12,13]. This is mainly due to the
vicious loop that increases the cardiac sympathetic outflow
(through norepinephrine) to compensate the reduced heart
pumping capacity [12, 13]. Accordingly, results promis-
ingly confirm that higher sympathetic activity in CHF than
in CNT has been revealed by the SAI and SAI/PAI ratio,
despite the significant reduction of spectral power (both in
the LF and HF bands) associated with HRV series from
CHF patients. On the other hand, the PAI shows a re-
duced vagal activity in CHF patients than in CNT, con-
firming current pathophysiological knowledge in the field
and standard parasympathetic-related HF index trends.
These results provide reasonable evidence that the pro-
posed methodology, despite the discrepancies of the tra-
ditional frequency-based indices (i.e., LF and HF power),
is able to effectively identify the separate autonomic func-
tions in CHF patients by using the same framework de-
vised for healthy cardiovascular control.
Future endeavours will be directed towards a SAI-PAI
evaluation in other clinical and applicative settings, includ-
ing sleep, physical activity, and emotional scenarios, as
well as to the associated pathophysiology therein.
Disclosure
An International patent application (PCT/US2016/044844)
was filed on July 29, 2016 for the method described in this
paper.
References
[1] Camm A, et al. Heart rate variability-standards of measure-
ment, physiological interpretation, and clinical use. Circu-
lation 1996;93(5):1043–1065.
[2] Rajendra Acharya U, Paul Joseph K, Kannathal N, Lim C,
Suri J. Heart rate variability: a review. Medical and Biolog-
ical Engineering and Computing 2006;44(12):1031–1051.
[3] Saul J, Berger R, Albrecht P, Stein S, Chen M, Cohen
R. Transfer function analysis of the circulation: unique
insights into cardiovascular regulation. American Jour-
nal of Physiology Heart and Circulatory Physiology 1991;
261(4):H1231.
[4] Reyes del Paso GA, Langewitz W, Mulder LJ, Roon A,
Duschek S. The utility of low frequency heart rate variabil-
ity as an index of sympathetic cardiac tone: a review with
emphasis on a reanalysis of previous studies. Psychophysi-
ology 2013;50(5):477–487.
[5] Zhong Y, Jan K, Ju K, Chon K. Quantifying cardiac sympa-
thetic and parasympathetic nervous activities using princi-
pal dynamic modes analysis of heart rate variability. Amer-
ican Journal of Physiology Heart and Circulatory Physiol-
ogy 2006;291(3):H1475.
[6] Vetter R, Virag N, Vesin J, Celka P, Scherrer U. Observer
of autonomic cardiac outflow based on blind source sepa-
ration of ECG parameters. Biomedical Engineering IEEE
Transactions on 2000;47(5):578–582.
[7] Chen X, Mukkamala R. Selective quantification of the car-
diac sympathetic and parasympathetic nervous systems by
multisignal analysis of cardiorespiratory variability. Amer-
ican Journal of Physiology Heart and Circulatory Physiol-
ogy 2008;294(1):H362.
[8] Valenza G, Citi L, Saul JP, Barbieri R. Measures of sympa-
thetic and parasympathetic autonomic outflow from heart-
beat dynamics. Journal of Applied Physiology 2018;.
[9] Valenza G, Citi L, Scilingo EP, Barbieri R. Point-
process nonlinear models with Laguerre and Volterra ex-
pansions: Instantaneous assessment of heartbeat dynam-
ics. IEEE Transactions on Signal Processing 2013;
61(11):2914–2926.
[10] Goldberger A, et al. Physiobank, physiotoolkit, and phys-
ionet: Components of a new research resource for complex
physiologic signals. Circulation 2000;101(23):e215.
[11] Citi L, Brown EN, Barbieri R. A Real-time Automated
Point-Process Method for the Detection and Correction of
Erroneous and Ectopic Heartbeats. IEEE transactions on
Biomedical Engineering 2012;59(10):2828–2837.
[12] Hasking GJ, Esler MD, Jennings GL, Burton D, Johns JA,
Korner PI. Norepinephrine spillover to plasma in patients
with congestive heart failure: evidence of increased overall
and cardiorenal sympathetic nervous activity. Circulation
1986;73(4):615–621.
[13] Kaye DM, Lefkovits J, Jennings GL, Bergin P, Broughton
A, Esler MD. Adverse consequences of high sympathetic
nervous activity in the failing human heart. Journal of the
American College of Cardiology 1995;26(5):1257–1263.
Address for correspondence:
Gaetano Valenza, School of Engineering, University of Pisa.
Largo Lucio Lazzarino 1, 56122, Pisa, Italy.
Email: g.valenza@ieee.org
Page 4
